Introduction
Firms increasingly rely on external knowledge as a source of competitive advantage. One effect of this tendency is the increased rate of university-industry collaborations.
The results of academic research on innovation are especially important for sciencebased industries such as biotechnology and semiconductors (Ponds et al., 2010) , but are also valuable in many other areas of science and technology. At the same time, universities are motivated to develop closer relationships with firms in order to gain access to research funds and firms' resources. Additionally, universities are being increasingly expected to contribute to the local or regional economy in terms of innovativeness or employment (the 'third mission'), and there is political pressure on universities to do so (Geuna and Muscio, 2009 ).
There are different ways in which universities can transfer knowledge to industry, including contract research, collaborative research, patenting, and licensing (to see detailed discussion on different forms of knowledge transfer from universities to firms refer to Gilsing et al., 2011) . While much of the earlier research on university-industry relations has focused on channels such as patenting and the role of technology transfer offices/technology licensing offices, some recent papers plea for greater attention to more interactive or collaborative modes, sometimes referred to as 'academic engagement' (D'Este and Patel, 2007; Perkmann et al., 2013) . There are several reasons why firms are motivated to get involved in active collaborations: (1) in many knowledge areas, the tacit nature of knowledge necessitates actively working together with universities, (2) universities are major sources of databases and research facilities that would be too expensive for firms to construct in-house, and (3) through collaboration, firms can co-develop knowledge that is relevant to the specific problems they face (Liebeskind et al., 1996 , Ponds et al., 2007 . Furthermore, collaboration can improve partners' innovation capability and economic performance (Lööf and Broström, 2008) and provide access to resources, skills, data, and transfer of technology (Albors, 2002) as well as human capital (Lin and Bozeman, 2006) .
In this study we consider one of the promising forms of collaboration between universities and industry, which is collaboration through Ph.D. projects. In fact, almost one third of all Ph.D. projects at Eindhoven University of Technology (the institute where we collected the data for this study) are collaborative projects, making it a much more common phenomenon than university patenting, for instance. While collaborative Ph.D. projects have great potential for the transfer of knowledge between university and industry, they have received very little attention in the existing literature on universityindustry relations.
Apart from the alleged benefits, industry involvement may also harm academic research as corporate interest may come to dominate public interests (Washburn, 2005) . One particular concern about entering into such collaborations is that their academic performance might not be at the same standard as regular, non-collaborative Ph.D. projects. The effect of collaboration with industry on the performance of research projects is not yet clear and the evidence of such effects is scarce (for a review, see Perkmann et al., 2013) . On the one hand, involving industry in collaboration can shift research towards narrow corporate interests (Nelson, 2004) . On the other hand, collaboration with industry may improve research outcomes if both partners have complementary knowledge and converging interests (i.e. Gulbrandsen and Smeby, 2005) .
The aim of this paper is to investigate the effect of industry collaboration on academic performance in the context of Ph.D. projects. To do so, we conducted an empirical study on 448 collaborative and non-collaborative Ph.D. projects at Eindhoven University of Technology, looking at actual differences in performance levels, and trying to identify determinants for these differences in performance.
Literature review
Even though for many universities -if not most -patenting is much less common than collaboration, there is extensive literature on university patenting and its potential trade-offs. This literature especially focuses on the question to what extent university patenting has detrimental effects on the rate, quality and direction of academic publications. In the late 2000s, this stream of literature moved for a consensus that such a trade-off was not present. Azoulay et al. (2009) concluded that patenting has a positive effect on the rate of publications and a mildly positive effect on the quality of these publications. Looking at the field of nanotechnology, Meyer (2006) found that patenting scientists outperform their solely publishing (non-inventing) peers in terms of publication counts and citation frequency, but made the reservation that at the very top, inventor-authors appear not to be among the most highly cited authors in their category. Other studies also found robust complementarities between publishing and patenting (for a more extensive review, see Genua and Nesta, 2006) .
Notwithstanding that the positive evidence, open issues remain regarding teaching quality, open science and fundamental long-term research. Along those lines, Baldini (2008) discussed issues such as: threats to scientific progress (disclosure and data sharing restrictions, the tragedy of the anti-commons, restrictions on research tools), changes in research (decline in patent quality, substitution between basic and applied research), threats to teaching activity (decline in teaching time, conflicts of interest, decline in student publications and informal learning) and threats to industry (restrictions on university-industry communications, delays to industry innovation, loss of proprietary information, obstacles to new research fields, unreasonable cost increases).
Compared to academic patenting, the literature on the (performance) effects of university-industry collaboration is much scarcer. One topic that has received attention in such collaborations is the disclosure of research output. Making research outcomes public is one of the most challenging issues between university and industry (Etzkowitz and Leydesdorff, 2000; Salimi et al., 2013) . Indeed, universities are publication oriented and usually want to publish their research output as widely as possible. Furthermore, they have an incentive to publish their results quickly to increase their (citation) impact. However, industry aims to commercialise the knowledge. Hence, generally speaking, firms have an incentive to appropriate their knowledge through secrecy, patenting or otherwise, rather than to disclose it through academic publications (Partha and David, 1994) . As a result, they may want to place restrictions on the disclosure of findings, or delay publication, so that they can apply for a patent (Blumenthal et al., 1996b , Salimi et al., 2013 . Therefore, collaboration with industry may increase the secrecy of results (Blumenthal et al., 1996a) and can cause delay in publications (Nelson, 2004) . This seems to be in line with the findings of Lin and Bozeman (2006) that Ph.D. candidates having previous industry experience produce fewer publications over their entire career. However, Gulbrandsen and Smeby (2005) found a positive relationship between collaboration with industry and a high level of publications for Norwegian professors. Ponomariov and Boardman (2010) also found that faculties affiliated with a centre for industry collaboration were likely to have more publications than faculties not affiliated with such a place. Similarly, Abramo et al. (2009) found that university researchers who have collaboration with private sector have higher publications compared to their colleagues who are not involved in such collaboration. Among other things, such positive effects may be thanks to the exchange of complementary knowledge, as suggested by Banal-Estañol et al. (2011) . Moreover, in collaborative projects, both partners can mutually benefit from each other's abilities in terms of specific (unique) skills and data as well as facilities and equipment -especially when we are talking of unique facilities that very few organisations can afford.
A second topic discussed in the literature is the effect of collaboration on the nature of research findings. There are concerns that such industry involvement shifts the researchers' agendas toward more applied topics rather than focusing on basic science (Perkmann et al., 2013) and that collaboration moves research towards narrow corporate interests. This could lead to a lower relevance and impact of research. At the same time, collaborations might be a source of valuable for exploring and new ideas (Perkmann and Walsh, 2009) , which can lead to a higher publication output and a higher impact. For instance, Lee (2000) found in a survey among U.S. faculty members and industry researchers that both experienced benefits for their own research programmes. And, more recently, Wright et al. (2014) looked at over 12,000 inventions from the University of California. They found that corporate-sponsored inventions are licensed and cited more often than federally sponsored ones, which do not seem to suggest that corporate sponsoring leads to more research topic.
Summing up, while the available literature does provide deep insight into the impact of patenting on publication performance, the insight on the impact of collaboration on publication is much more limited and rather inconclusive. Literature on such impact in the context of Ph.D. collaborations -which are quite common, as we explained -is not available, to the best of our knowledge.
Data and methodology
In order to investigate the academic performance of doctoral candidates, and to compare those who collaborated with industry with those who did not, we collected bibliometric data for former doctoral students at Eindhoven University of Technology in the Netherlands. Our central unit of analysis was a doctoral student that had successfully completed a Ph.D. thesis, and we collected data concerning publications (including publication citation data) and patent data (including patent citation data), both for the time window between four years before the Ph.D. defence, up to seven years after the defence. We also collected a variety of other data to use as control variables. 1
Preferring to collect data at one single university in order to reduce the variance stemming from differences between universities (e.g. arising from variance in institutional arrangements and settings), we selected Eindhoven University of Technology because of its extensive track record collaborating with industry in technological research. The university is based in the 'Brainport' region, which hosts many high-tech firms including Philips (a diversified, high-tech multinational), ASML (the world's leading firm in lithography for computer chip production), FEI (a leading specialist in transmission and scanning electron and ion microscopy) and NXP (a large semiconductor manufacturer). The intensive collaboration with industry, also reflected in a significant number of Ph.D. collaborations, allowed us to construct a database of sufficient size to address our questions.
We investigated all 784 Ph.D. theses that were successfully defended at this university in the years 2000-2005. We included theses from all university departments being Applied Physics, Chemical Engineering and Chemistry, Electrical Engineering, Mathematics and Computer Science, Mechanical Engineering, as well as four departments involved in management and design. 2 Based on the content of the summary and preface of these theses, we identified 224 collaborative projects, from which 89 concerned a collaboration with a firm and 135 a collaboration with a Public Research Organisation (PRO). We excluded collaborative projects with government institutions and those with other universities, as we expected them to have different aspects than the collaborations we wished to focus on. In order to compare the 224 identified collaborative projects with 'normal' Ph.D. projects, we also selected 224 Ph.D. projects that were not the result of any collaboration. The matching was performed using the following criteria: university department, gender, nationality, and year of graduation (i.e. year of thesis defence).
For performance data relating to the doctoral candidates' published works, we restricted ourselves to publications in peer-reviewed journals. Following the findings of Kulkarni et al. (2009) on the coverage of peer-reviewed journals in various publication databases, we chose Elsevier's Scopus database as our main source, and cross-checked our results with other sources (including résumés by the candidates themselves) to avoid both type I and type II errors. We selected data on all papers in which the focal doctoral candidate was listed as author or co-author. For patent data, we used the Thomson Reuters Derwent Innovations Index (DII) / Derwent World Patents Index 1 We know of one other study that attempted to explain both the publication and patent output of former Ph.D. students (Buenstorf and Geissler 2014) . Different from our study, they did not look at university-industry collaboration, as they focused on the effect of the Ph.D. supervisor. 2 These are the departments of Built Environment, Biomedical Engineering, Industrial Design, and Industrial Engineering and Innovation Sciences. Because of the lower number of collaborations in these departments and the fact that they are more similar in nature (compared to the 'hard core' technical departments), we grouped these departments together in our analyses.
(DWPI) database. The significant advantages are that this database comprises patent family information (thus preventing double-counts) and that patent metadata has been cleaned up and harmonised. We counted all patent families for which the doctoral candidates were listed as one of the inventors.
For both the publication and the patent data, we restricted our search to those published (or patents applied for) during the four years preceding the graduation yearthe typical length of a Ph.D. project in the Netherlands -and the seven years after the graduation year. As the doctoral candidates graduated between 2000 and 2005, our publication and patent observations span from 1996 to 2012. Our final dataset includes a total of 4447 scientific publications and 585 patents.
In sum, in the analysis below, the word 'publication' refers to a peer reviewed publication as registered in Scopus with the focal doctoral candidate as author (or coauthor); 'patent' means a patent family (as defined in our DII database) with the doctoral candidate listed as an inventor; 'Ph.D. project' means a doctoral research project that was successfully defended by the candidate. Furthermore, by 'collaborative doctoral candidate' we refer to a researcher who was involved as a Ph.D. in a collaborative Ph.D. project with industry or with a PRO, and by 'non-collaborative doctoral candidate' we refer to a peer involved in a Ph.D. project which was not a collaboration at all.
Descriptive analysis
A first glimpse of our data is provided in Table 1 , showing the descriptive statistics comparing collaborative and non-collaborative doctoral candidates and using the 'moving' time window of 4+7 years as defined in the previous section. We observe that doctoral candidates in collaborative projects have a higher average number of publications. They also have a higher number of citations in total, but not per publication. Results are robust when including or excluding self-citations. 3 Table 2 shows descriptive information on the patenting performance for the doctoral researchers in our data set. Perhaps less surprisingly, collaborative doctoral candidates are more often listed as inventors on patents and receive more citations than their noncollaborative peers, both in total and per patent. 
Analysis and results
Looking closer at our central research question, Section 4.1 starts by examining the relationship between the quantitative and qualitative performance of projects, including the question of whether there are trade-offs. Then Section 4.2 considers whether particular time patterns affect our findings on performance differences between the collaborative and non-collaborative doctoral candidates. In Section 4.3, we present a more detailed investigation, where we distinguish not only between different types of collaboration, but also consider alternative explanations in an attempt to understand what actually causes performance differences. This final analysis is based on a series of regression analyses.
Publication and patent performance
The descriptive overview data provided earlier in this chapter aggregates the data of all cases, and reports on averages. One question that arose is whether there are trade-offs in terms of quantity (number of publications) and quality (here represented by citation impact), and whether these are different for candidates involved in collaborative versus non-collaborative Ph.D. projects. To analyse this, we plotted these two dimensions for all the individual candidates (Figure 1 ). While the non-collaborative candidates strongly cluster in the lower left of the plot (few publications and low citation score), the collaborative candidates often do better in both dimensions. As such, our data does not suggest any of the above-mentioned types of trade-offs; also at individual candidate level, collaborative candidates combine higher publication performance and higher publication impact. We performed a similar analysis excluding self-citations (not shown) and still found similar results.
Figure 1 Publications and forward citations per project (including self-citations)
We performed a similar analysis with patent performance, again considering the individual project level. The results are shown in Figure 2 . This data is more discrete in nature. As evidenced by Table 2 , we have considerably fewer patent observations than publication observations -and many (often non-collaborative) projects overlap at the [0,0] coordinate of this graph. Nevertheless, we see a similar pattern as with publications: at individual level, collaborative doctoral candidates often combine a high performance in both dimensions. 
Time profiles in publication and patent performance
As mentioned earlier, we focussed on Ph.D. projects that were finalised between the year 2000 and 2005, and we collected all associated publication and patent data for the Ph.D. candidates involved in the time frame 1996-2012. Using the time dimension in our data we can look at specific timing differences between collaborative and noncollaborative doctoral candidates. Do some result in early performance, while others only bear fruit in the longer term? Arguably, collaborative doctoral candidates are more likely to move to industry, and may consequently produce fewer publications than their counterparts who stayed in academia and used a postdoc period to get more papers out of their thesis research. Moreover, students aiming to stay in academia (read: mostly students on non-collaborative projects) might have stronger incentives to publish, as this is a key ticket for a career at a university. Non-collabora ve doctoral researchers Figure 3 , at left, shows the average number of publications per projection on an annual basis, where t=0 refers to the year in which the project was completed (i.e. when the thesis was defended). While both groups peak in their graduation year, we see that collaborative doctoral candidates are consistently over-performing, both during project execution as well as after completion. Figure 3 , at right, shows the citation performance. Also here, performance is consistently higher for collaborative doctoral candidates than for their counterparts, both during as well as after the project ended. While the data underlying this figure includes self-citations, we found similar outcomes when the authors' own citing papers were excluded from the analysis.
Now we turn to patent performance over time. Because we aimed to observe events in the patent system that were as close as possible to the actual moment of invention, for our analysis we used the so-called patent priority year (the year in which the patent application was filed or, in the case of a patent that is part of a family, the year in which the first filing of a patent family member took place). For patent citations, we considered each citation coming into the patent family. 4 The patenting performance reveals rather similar patterns to the ones we saw in publication performance. Collaborative doctoral candidates consistently show a higher performance at any time (Figure 4 , left) and also incoming (forward) citations of these projects are higher at any time (Figure 4 , right). The peaks, however, are somehow different than those for publications. Collaborative doctoral candidates have a first patenting peak in their graduation year (presumably patents on inventions arising from the Ph.D. project), and a second peak at four years after project completion.
Figure 4 Annual patent performance per project (left) and patent citation performance per project (right)
As discussed in Section 2, previous studies have focussed on the relationship between patenting and publications, and generally found no negative relationship, or even a positive one. In this study, collaborative doctoral candidates publish at a higher rate and patent more frequently, but the correlation between patenting and publishing rate is not statistically significant, which seems to indicate that the patenting rate neither diminishes nor enhances the publishing rate (see Table 3 ). While we derived the clear results shown above on the high performance of collaborative Ph.D. doctoral candidates compared to their non-collaborative peers, it would be premature to conclude that collaborative projects do better than noncollaborative projects. Possibly, other factors affect project performance as well. Only by controlling for alternative explanations, we can assess the performance effect of collaborative versus non-collaborative projects more precisely.
The determinants of performance differences
As explained above, our dataset includes collaborations between university and firms as well as between university and PROs. Moreover, for obvious reasons, our dataset of firm collaborations includes a considerable amount of projects conducted in collaboration with Philips, a very large multinational firm that was originally established in Eindhoven, the same city as the university where we collected our data. Also, Philips is known for its long, academic culture, fostering a large research organisation that is still located in this city (see Boersma, 2002) . To better understand performance differences, in this section we will distinguish between firms and PROs, looking at the specific effect of Philips collaborations.
In order to better understand why collaborative projects tend to have more output and impact than non-collaborative projects, we looked into a number of alternative explanations. Firstly, we considered the disciplinary nature of the project. Possibly, collaborative projects are over-represented in disciplines with higher publication and patenting rates as well as higher citation rates. By considering the department in which the project was executed, we can correct for differences in publication propensity between academic fields. As discussed in the data section, the doctoral candidates in our data set came from Applied Physics, Chemical Engineering and Chemistry, Electrical Engineering, Mathematics and Computer Science, Mechanical Engineering, as well as four departments involved in management and design. Secondly, we considered whether the doctoral candidate had the Dutch nationality or not (perhaps there are differences in performance rates between Dutch researchers and those with a foreign background, and collaborative projects 'attract' one category more than the other). Thirdly, we took into account the candidate's gender. Finally, we considered whether the supervisor at the university was a 'star scientist'. Such supervisors not only attract more talented Ph.D. candidates 5 , but they may also improve the performance of their students through tacit knowledge transfer (Buenstorf and Geissler 2014) . What is more, star-scientists may collaborate more often with industry, and, if so, may partially explain the high performance of collaborative projects. For this study, as 'star scientists' we identified all university supervisors who had authored over 200 publications in peerreviewed journals listed in Elsevier's Scopus database.
The analysis presented in this section is based on a series of negative binomial regression and binary logit regression models, shown in Tables 4 and 5 (for the choice of negative binomial regression model, see Frenken et al. (2005) . The different types of collaborations as well as the alternative determinants of performance are entered as independent variables. Details on the correlation among independent variables can be found in Table A in the appendix. This table shows that none of the variables are highly correlated. As in the previous sections, we measured the performance variables during a time window of four years before and seven years after graduation. Table 4 shows our results concerning academic publication performance. Starting with the publication quantity ('total publications'), Model 1 shows that performance for both firm and PRO collaborations is significantly higher than for doctoral candidates not involved in a collaborative project. However, if we divide the collaborations between Philips and those with other firms (Model 2), we see that the effect for companies can be solely contributed to the Philips collaborations. Apparently, the long academic culture in this company leads to high publication performance (and possibly also the preference of talented doctoral candidates or the best university supervisors to work with this company). Doctoral candidates who worked with other companies do not have a significantly higher number of publications than their non-collaborating peers -but we wish to emphasize that their performance is not significantly lower either. Adding controls for academic disciplines (Model 3) reveals some significant results: the departments of Mechanical Engineering, Mathematics and Computer Science, and the four management or design departments have a lower performance than the Department of Chemical Engineering and Chemistry, the largest department and baseline. Nevertheless, the earlier positive effects of collaborations remain stable. Finally, adding a control for star scientists (Model 4) shows that the supervision by these prolific publishers has a significant positive effect -obviously this comes as no surprise, because both measurements are about the number of publications. The earlier positive effects of collaboration remain stable. (Interestingly, the lower coefficients reveal that Philips works more often with these star scientists than with others.)
Turning to the citation impact of publication (here measured by citation performance), we show the results in Table 4 , where Models 5-8 focus on the measurements including all incoming citations, and Models 9-12 use a measurement that excludes self-citations. The results are largely similar to those with regard to the quantity of publications; only the effect of star scientists becomes stronger. In short, collaborations with Philips have a
These statistics underline the concentration of Ph.D. projects with higher performing supervisors.
higher publication quality, but this is fully explained by the star scientists involved. Collaborations with PROs have a higher publication quality, and this effect is not influenced by university star scientists. Collaborations with firms other than Philips have a publication quality comparable to their non-collaborative peers, not significantly better but also not significantly worse. Notes: Negative binomial regressions; dependent variable measured in -4 to +7 time window (see above text). Standard Error is shown in parentheses. *: 10% significance level; ** 5% significance level; *** 1% significance level. Any value with a significance level of 10% or lower is printed in bold. (a) Baseline is the department of Chemical Engineering and Chemistry, the largest department in terms of collaborations in our dataset. In Models 13-16, the dependent variable is whether the Ph.D. candidate has produced a highly-cited paper. Such papers indicate scientific "breakthrough" contributions that can have a long-lasting effect on the field in question. Here, one may expect that in-house university project outperform collaborative projects, since in-house university projects, on average, are more focused on fundamental and high-risk research question compared to collaborative projects. In fact, from the descriptive analysis in Table 1 , we could already observe that the mean citation rate per publication was higher for noncollaborative projects than for collaborative projects. We measure a highly-cited paper by the top-10 percent highest cited papers published in the same year. The results show that in-house university projects (non-collaborative Ph.D. projects) do have some advantage since highly cited papers are less likely when collaborating with firm (except with Philips). This finding is in line with Meyer (2006) who found that university professors who patent, tend to outperform their peers in terms of citations, but not so if looking at the highest cited publications. Our result suggests that scientific breakthroughs, as indicated by highly cited publications, tend to result from in-house Ph.D. projects rather than from collaborative projects. Notes: Negative binomial regressions; dependent variable measured in -4 to +7 time window (see above text). Standard Error is shown in parentheses. *: 10% significance level; ** 5% significance level; *** 1% significance level. Any value with a significance level of 10% or lower is printed in bold. (a) Baseline is the department of Chemical Engineering and Chemistry, the largest department in terms of collaborations in our dataset.
In Table 5 we present a similar analysis, but now focusing on patenting performance. Again we look at quantity (the total number of patents by the doctoral candidate) and the impact of these patents (proxied by the forward citation score). Here, the effect of collaboration is stronger than with publications -not entirely surprising, because commercial collaboration partners have stronger incentives to get patents from their research than universities. All types of collaborations (with Philips, with firms other than Philips and with PROs) perform significantly better, both in quality and impact, and adding the alternative explanations does not remove any of these significant effects.
Conclusions, limitations and policy implications
Our study shows that doctoral candidates involved in collaborative Ph.D. projects achieve a higher performance than non-collaborative Ph.D.s in respect of all the performance dimensions we studied: the number of (peer reviewed) publications, the citation score of these publications, the number of applied patents, and the number of forward citations of these patents. We observed this higher performance both during the Ph.D. project as well as in the ensuing seven years. A deeper investigation of the determinants of this improved performance revealed that they depend strongly on the nature of the collaborative partner. The numerous collaborations in our data set with Philips, a firm with a long academic culture, displayed a higher performance, as well as Ph.D. projects with PROs. Collaborations with other firms, however, showed no significant performance differences with non-collaborative peers: they were not significantly better (but not significantly worse either). Furthermore, university supervision by a 'star scientist' made a huge difference, but generally did not alter the significance of the other determinants.
An important methodological limitation of our study is that we did not establish a causal effect of industry involvement on output performance. Indeed, the positive effects found may solely be due to self-selection by students, where the brighter and more motivated students opt more often to work in collaborative Ph.D. projects compared to other students. Indeed, such self-selection effects may be present as a collaborative Ph.D. projects offer an additional reward upon completion: collaboration with industry provides the Ph.D. student with an additional career option as (s)he can easily enter both academia and industry afterwards. Hence, on average, the brighter students may be drawn more often to Ph.D. projects with industry. To some extent, we controlled for talent by taking into account star-scientists. One can expected that brighter students are more drawn to star-scientists. Hence, though very imperfect, the star-scientists dummy not only proxies the university supervisor's talent, but also -at least to some extent -the student's talent.
Whatever the exact causes that render industry involvement to have mainly positive effects on project performance, our main policy conclusion still holds: any worries by universities (and governments funding Ph.D. projects) that industry involvement decreases academic output seem ungrounded. Industry involvement does not lower academic performance, and sometimes even increases performance (in the case of Philips). For PROs, the beneficial effects on academic output are even stronger. Hence, the university can continue with stimulating industry collaborations as well as collaborations with PROs. In fact, following the self-selection issue, having industry involved in Ph.D. projects may actually be a way to attract talent to do a Ph.D. project in the first place, insofar these are students who want to retain the option to make a career in industry afterwards. Without providing them the opportunity to do a Ph.D. project with industry, some of these students may do no Ph.D. project at all. Clearly, all these questions are interesting avenues for future research.
Our study does have some limitations. Firstly, specific aspects of the Dutch context may affect the outcome. One of these could be the nature of PROs in this country. Unlike many other countries where PROs are best characterized as governmental agencies, Dutch PROs generally obtain most of their funding from non-public sources, such as contract research for industry. As a result, they may much closer to incentives and behaviour than their counterparts in other countries. Secondly, specific aspects of the Eindhoven University of Technology, where we collected our data, may play a role. As indicated earlier, we chose to collect data at one single institute in order to avoid institutional differences that would result in unexplained variance, and because we wanted to focus on an institute where such collaborations were common (giving us sufficient data to enable analyses). We acknowledge that other institutes might differ. There might be formal differences (although we are not aware of university or departmental policy or practice that would impact our findings), cultural differences, and contextual differences (the status of the university in a wider network of actors). Thirdly, while we were able to measure a number of factors that could explain performance differences, there were also factors for which data is difficult -or even impossible -to collect, including the capabilities of the doctoral candidates when they started on a Ph.D. project. Phi coefficient was used to measure the association between dichotomous variables.
